Intuition alone often fails to decipher the mechanisms underlying the experimental data in Cell Biology and Biophysics, and mathematical modeling has become a critical tool in these fields. However, mathematical modeling is not as widespread as it could be, because experimentalists and modelers often have difficulties communicating with each other, and are not always on the same page about what a model can or should achieve. Here, we present a framework to develop models that increase the understanding of the mechanisms underlying one's favorite biological system. Development of the most insightful models starts with identifying a good biological question in light of what is known and unknown in the field, and determining the proper level of details that are sufficient to address this question. The model should aim not only to explain already available data, but also to make predictions that can be experimentally tested. We hope that both experimentalists and modelers who are driven by mechanistic questions will find these guidelines useful to develop models with maximum impact in their field.
Introduction
A popular joke about modeling goes as follows: A group of farmers desperately trying to increase their cows' milk production calls a theorist to help them find a solution. After a few months of hard work, the theorist calls back: BI found the optimal solution. Consider a spherical cow in a vacuum …T he trove of quantitative data produced by modern biology has highlighted that the complex behaviors of biological systems, even the simplest ones, are difficult to comprehend with our intuition alone (Mogilner et al. 2006; Pollard 2010; Pollard and De La Cruz 2013; Howard 2014; Marshall 2017 ). An increasing number of experimentalists appreciate the need for mathematical modeling to explain their data and uncover the underlying molecular mechanisms for their favorite biological systems (Pollard 2013; O'Shaughnessy and Pollard 2016) . However, mathematical modeling is not as widespread as it could be. We believe one of the main reasons for the limited use of modeling by experimentalists in the cell biology and biophysics communities is a common misunderstanding of what mathematical modeling can achieve. As the spherical cow joke demonstrates, another common reason is that mathematicians and physicists who model biological processes sometimes make simplistic assumptions, or do not explain or justify the simplifications clearly enough when they are legitimate. Last, good communication between fields is important to develop models, and produce outputs that can be translated by experimentalists into testable predictions.
Joke aside, what would be the best way to model a cow if a sphere is not a good model? Should we include its limbs, head, and tail? Its digestive system? The different cell types involved in digestion? The dynamics of actin filaments in each cell? The atomic interactions between the actin subunits? One could enumerate infinite details but it is clear that not all details are meaningful or relevant for the problem at hand. Indeed, the appropriate level of details for the model depends on the question asked. A sphere is probably the best model if one wants to know how far to catapult a cow, like in the classic BMonty Python and the Holy Grail^movie (Gilliam and Jones 1975) . Even a point with a mass would be a sufficient model to calculate a rough estimate. Likewise, if one wants to know how long it takes to freeze a cow in liquid nitrogen, a sphere would be an excellent first model. To answer the farmers' milk productivity question, the cow's shape and dimensions are unimportant details, but a deep qualitative and quantitative understanding of the cow's physiology are critical. After some research, one may even realize that too little is known about the physiology of milk production, and trying to answer the farmers' question with mathematical modeling might not be a good idea after all.
These examples are perfect illustrations of the statistician George EP Box's quote: Bessentially, all models are wrong, but some are useful^ (Box and Draper 1987) . The goal of a mathematical model in biology is not to be a complete, explicit representation of the biological system that is as detailed as the underlying biochemistry (Mogilner et al. 2006; Möbius and Laan 2015) but to be Buseful^in increasing our understanding of the mechanisms of this biological system (Mogilner et al. 2012; Pollard 2013) . In this paper, we propose guidelines for developing Buseful^models in cell biology and biophysics. We hope that both experimentalists and modelers who are driven by mechanistic questions will find useful guidelines to develop models with maximum impact in their field. This paper also aims to catalyze collaborations between experimentalists and modelers, by helping them to find a common ground to build models, to figure out what is possible to achieve and what is unrealistic, to learn what to expect during the development of the model and where the hurdles are, and in general how to get the most out of their modeling efforts.
What do we mean by Buseful^models?

What is a model?
A model is a simplified representation of the biological system studied, following simple rules that can be formalized into mathematical equations or into a computational algorithm.
One should see the model as a caricature of the system studied rather than its exhaustive, detailed representation. A model is in its essence not an exact and complete representation of the reality, nor should it be one, if one wants to keep it more tractable than the biological system studied (Mogilner et al. 2006; Howard 2014; Möbius and Laan 2015) . In that sense, all models are wrong at least in some of their details, but their overall direction is very likely to be correct, just like the conceptual models and cartoons one draws to represent their favorite biological system (Rothman 2018) .
There are two main classes of mathematical models: computational models and theory. A computational model (or simulation) is a set of explicit rules, equations, or algorithms that aim to reproduce a simplified representation of the system. To some extent, computational models can be considered as experiments performed in silico (i.e., with a computer), as they can be used in the same way one performs an in vitro or in vivo experiment. They often are relatively easier to implement by nonspecialists than theory, especially using generic tools and software packages that are readily available (see below).
Theory (or theoretical models) is a set of mathematical equations that describe the biological system. Theory usually aims to explicitly determine how key properties of the biological system change with parameter values or to identify critical parameters and relationships between parameters which define different regimes, by deriving formulas from the model equations, without running simulations (Howard 2014; Phillips 2015 Phillips , 2017 . However, such closed formulas are usually very difficult (or even impossible) to obtain except in specific cases of models that have a low number of variables and parameters, or at the cost of certain simplifications. There are no systematic, straightforward methods to develop theoretical models, and they usually require very good physical and mathematical skills and intuition, and a lot of effort to derive.
What are models used for?
Models are usually used to determine whether the mechanisms one hypothesizes for their favorite biological system can reproduce the observed data quantitatively, or at least qualitatively. A mathematical model is actually the best way to determine whether one's favorite cartoon model is indeed valid. In addition, mathematical models may allow one to estimate the values of unknown parameters by fitting the model to the data. Models are also used to explore alternative mechanisms, to determine in which conditions the assumptions are valid, or to identify what components or interactions are sufficient to explain the data.
Even if experimental data are not available, one can use models to gain a better sense of the overall output or emergent properties of multiple simple interactions, for which intuition is not sufficient (Pollard 2010; Mogilner et al. 2012; Pollard and De La Cruz 2013; Gunawardena 2014; Goldstein 2018) . One can also better understand how the system behaves when parameters are varied, which may help design experiments to challenge the hypotheses of the model. Last but not least, theoretical models allow one to derive formulas that connect variables and parameters of the model to quantities that are experimentally measurable, and allow one to determine the different regimes of the system. They also allow one to generalize properties and determine which parameters or combination of parameters are the most meaningful for the system.
What makes a model useful?
A useful model is a model that advances our mechanistic understanding of the biological process studied. In that sense, even a model that does not quantitatively fit experimental data can be useful, since it demonstrates that the proposed mechanisms are incomplete or incorrect, and forces one to rethink or complete the proposed mechanisms. In addition, a model that does not have a direct application or for which experimental data are not available can also be useful as long as it enlightens us on possible and impossible mechanisms or outcomes (Flexner 1939) . A useful model also allows one to make predictions that can be experimentally tested. These predictions should aim to further validate one's hypotheses, invalidate alternative hypotheses, or experimentally demonstrate new features in the biological process studied.
The fact that one can find a model and some set of parameters that accurately fits the data does not prove that the hypotheses underlying the model are true, but only proves that they are compatible with the observed data. In fact, alternative mechanisms could also lead to the same output, and models should aim to also demonstrate that common alternative hypotheses cannot reproduce the experimental data, or help design experiments that can distinguish between different possible mechanisms.
Tentative agenda to develop useful models
In the following sections, we will present nine key steps to develop useful models, which will be illustrated with examples from two models published by the Pollard lab. The first model, referred to as the cytokinetic ring model (Fig. 1) , aimed to uncover the molecular mechanisms of assembly of the contractile ring at the beginning of cytokinesis in fission yeast (Vavylonis et al. 2008 ). The second model, referred to as the endocytic actin model (Fig. 2) , aimed at determining the molecular mechanisms underlying fast actin dynamics during clathrin-mediated endocytosis in yeast (Berro et al. 2010b) . Note that both models are computational models but our proposed agenda could also be applied when developing theoretical models.
Find a good biological question
Before developing any model, it is critical to clearly identify what questions the model aims to answer and which hypotheses or mechanisms it aims to test. As we saw with the cow models, the question addressed by the model strongly determines the modeling approach and what level of detail is appropriate.
In general, one should avoid questions that have already been extensively addressed with mathematical modeling, Fig. 1 The cytokinetic ring model (Vavylonis et al. 2008) . Data: Previous experiments showed that the cytokinetic contractile ring assembles from the condensation of nodes into a ring (micrographs: myosin regulatory light chain Rlc1p-3GFP marks nodes at progressive stages of ring formation). Question: The model aimed to determine which mechanisms allow the condensation of a broad band of nodes into a homogenous contractile ring. Model: The initial hypothesis was that actin filaments (green) nucleated from the nodes (red) extend in random directions (search), nodes near a filament attach to it (capture), and exert force (pull). The alternative mechanism included the same assumptions and added a random breakage of the links between the nodes and the filaments (release). Results: The initial hypothesis led to the formation of clumps of nodes, whereas the alternative model aligned the nodes better and the ring was more regular. Model validation: The timing of node alignment, which was not explicitly included in the assumptions, was the same as in the experiments. The model also reproduced the condensation of rings from known mutants with very broad bands or double rings. Predictions: A broad parameter screen and sensitivity analysis made many predictions, including that reduction of the release rate should lead to less homogenous rings. Experimental tests: Fission yeast cells expressing ADF/cofilin mutants with lower severing activity make inhomogeneous rings with clumps of nodes (Chen and Pollard 2011) . Images adapted from (Vavylonis et al. 2008) . Reprinted with permission from AAAS except if one has a new original hypothesis to test or if new experimental data are available. Note that not all biological questions can or should be addressed using mathematical modeling. It is sometimes better to perform new well-chosen experiments rather than to develop a model, especially when the amount of information on the biological system is very sparse and not sufficient to distinguish between hypotheses.
The cytokinetic ring and endocytic actin models both aimed at answering specific mechanistic hypotheses. Before developing the cytokinetic ring model (Vavylonis et al. 2008) , it had been observed that in fission yeast, individual diffraction-limited spots called nodes are present in a broad band around the cell equator before the onset of cytokinesis, and these nodes slowly realign into a thin, homogeneous contractile ring, followed by ring constriction and cell separation (Wu et al. 2006) . However, the mechanisms driving the node condensation from a broad band into a thin, homogenous ring remained elusive and an important question in the field. The presence of actin filament-nucleating formins and myosin II motors within every node led Vavylonis et al. to hypothesize that actin filaments nucleated from one node may come in close proximity with another node, be captured by its myosins, consequently pulling both nodes toward each other and eventually leading to the formation of a ring. In addition, the authors had recently made key quantitative measurements, including a characterization of the node movements during the formation of the contractile ring. The model aimed at testing whether this Bsearch-capture-pull^mechanism was able to explain the observed data.
When the model for actin dynamics during clathrinmediated endocytosis was developed, the field had already identified that~20 proteins involved in actin assembly and disassembly are recruited to endocytic actin patches in yeast (Kaksonen et al. 2003 (Kaksonen et al. , 2005 (Kaksonen et al. , 2006 Sirotkin et al. 2005) . Among them were the Arp2/3 complex, WASP, and the canonical actin capping protein. Quantitative microscopy had also recently determined the temporal evolution of the copy number of these proteins during their assembly to and disassembly from the endocytic structures (Sirotkin et al. 2010; Berro and Lacy 2018) . The common hypothesis in the field Fig. 2 The endocytic actin model (Berro et al. 2010b) . Data: Previous experiments showed that actin, the Arp2/3 complex, its activator WASP, and many actin-binding proteins are recruited to sites of clathrin-mediated endocytosis in fission yeast. The temporal evolution of the copy number of 12 proteins was recently measured (micrograph: temporal evolution of fim1p-GFP at one endocytic site). Question: The model aimed to test whether dendritic nucleation by the Arp2/3 complex was able to reproduce the fast assembly and disassembly of actin during endocytosis. Model: The initial model hypothesized that dendritic nucleation and depolymerization from the pointed ends created via severing and debranching were sufficient to explain the fast actin dynamics. The model was largely constrained by rate constants that had been previously measured in vitro. Failure of this model to reproduce fast disassembly led us to hypothesize that the release of chunks of the actin meshwork increases disassembly. Results: Outputs of the initial model (solid lines) did not match the experimental data (symbols), whereas the alternative model was able to reproduce the data (teal: actin; black: Arp2/3 complex; red: WASP; green: capping protein). Adapted from (Berro et al. 2010b ). Model validation: Another model where depolymerization rate was 2 orders of magnitude larger than ever measured could also reproduce the experimental data but this model was not robust to small changes in parameter values, and was therefore rejected. Predictions: The model predicted that reduced severing activity has large effects on protein disassembly but small effects in protein assembly. Experimental tests: This prediction was validated using a strain expressing an ADF/cofilin mutant with reduced severing activity (Chen and Pollard 2013) was that actin assembly was driven by autocatalytic dendritic nucleation of actin filaments, and the creation of new pointed ends via the severing of actin filaments by ADF/cofilin enhanced the disassembly by depolymerization of the actin in the endocytic patch. The model aimed at testing whether these hypotheses could quantitatively reproduce the very fast assembly and disassembly of actin during endocytosis observed in the experiments.
Determine the most appropriate modeling approach
Overarching principles The most important overarching principle when building a model is to keep it as simple and as coarse as possible, retaining the details that matter most for the biological question, and, only if necessary, refining the model one assumption at a time. It is also important to use the empirical principle of Occam's razor, or law of parsimony, which states that between competing models that match the same data, one should keep the one with the fewest assumptions and unknown parameters. Indeed, models with the fewest assumptions allow to capture the mechanisms that have the largest effects. Counterintuitively, the simplest models are often the most predictive, and the most useful. In fact, the mathematician John von Neumann used to say, Bwith four parameters I can fit an elephant, and with five I can make it wiggle its trunk^ (Dyson 2004) , which is indeed possible (Mayer et al. 2010) .
Another important principle is to ensure that the property that one tries to explain with the model is not already included in its assumptions. For example, a model for the contractile ring that would include a force field explicitly driving the nodes toward the center of the cell would not be very useful if one wants to understand the mechanisms underlying the emergence of a thin ring from a broad band of nodes.
There is usually more than one way to develop a model that addresses a specific biological question. It often requires good intuition and several iterations to identify the appropriate level of detail and the best approach. A lot can be learned just going through the process of building the model. Indeed, developing a model forces one to specify each aspect of the model, and often makes one realize that some details of the system are much less well understood than commonly assumed, or have been consciously or unconsciously swept under the rug by the field because nobody really dared opening the can of worms (Berro et al. 2010a; Wick and Kane 2011; Gunawardena 2014) . For example, while developing the endocytic actin model, we realized that the fate of WASP after it activates an Arp2/3 complex had been largely ignored. Does WASP remain attached to the membrane? Does it detach from the membrane? Does it remain active and ready to activate another Arp2/3 complex?
What is known about the mechanisms and what is the quality of this information? In general, other researchers in the field have already proposed mechanisms for the system one tries to model. One should not hesitate to re-evaluate the published experimental and modeling data in light of these hypotheses, since authors often favor their preferred hypothesis to explain their data, and new information might have been published since then. This step requires critical (re-)reading of the literature, and very good understanding of the different modeling and experimental techniques used in the papers. This step can be quite difficult for someone who has not used these techniques before, but one should not hesitate to reach out to collaborators or consultants for advice.
During the development of the endocytic actin model, the dendritic nucleation hypothesis, i.e., the auto-catalytic assembly of actin driven by the creation of new branches on existing filaments with the Arp2/3 complex, was well supported by previous genetics and microscopy data (Chang et al. 2003; Kaksonen et al. 2003 Kaksonen et al. , 2005 Sirotkin et al. 2005; Gachet and Hyams 2005; Kim et al. 2006 ). However, recruitment and activation mechanisms for WASP were unclear. Some pieces of information about the spatial organization of endocytic proteins had just been published (Idrissi et al. 2008 ), but their regulation by membrane geometry and force production mechanisms were virtually unknown. The rate constants of the Arp2/3 activation pathway had been systematically measured with purified proteins in vitro by Beltzner and Pollard (2008) . However, in re-reading this paper, it became clear that some parameters might be different in the context of yeast endocytosis, because measurements were done with purified proteins from different species and some parameter estimates lacked precision.
The cytokinetic ring model was built from the welldocumented existence of nodes that contain formins and type II myosins (Chang et al. 1997; Motegi et al. 2000; Wu et al. 2003 Wu et al. , 2006 Lord et al. 2005) , each protein having been well studied in vitro and in vivo (Naqvi et al. 2000; Kovar et al. 2003 Kovar et al. , 2005 Matsumura 2005 ). Exact reaction rates were not known, but new experimental characterization of node dynamics and ring formation had been recently obtained in the Pollard lab (Vavylonis et al. 2008) . The observation that mutant fission yeast cells having a much broader node distribution than wild-type cells form two cytokinetic rings instead of one was a great opportunity to test the model.
What is the appropriate scale and granularity for the model?
The level of detail of the model closely depends on the question asked and the experimental data available. If the model is more detailed than the available data, there is a high risk to make many arbitrary choices and speculations, and the model will have too many unknown parameters (Phillips 2017) . Conversely, if the model is too coarse, it may miss features that are important to answer the biological question asked. A good starting point is to develop a model with details one level finer than the emerging property the model aims to capture, and refine if necessary. For example, nodes and actin filaments are the largest entities that constitute a cytokinetic ring, and were chosen as the minimum entities for the model.
Another choice to make is whether the model should include space and time components. The dimensions of space should be kept as small as possible to minimize the number of variables and parameters, and models with low dimensionality are more computationally and mathematically tractable. To keep the space dimensions as small as possible, one should determine which space information is critical, and take advantage of the symmetries of the system. When possible and relevant, one can remove the time component by assuming the system is at steady state.
When the cytokinetic ring model was implemented, it was known that the nodes and the actin filaments of the cytokinetic ring are essentially constrained to a thin region close to the plasma membrane. Modeling ring formation on a 2D cylindrical surface rather than a 3D volume was an excellent first approximation. This approximation greatly reduced the complexity of the model, the number of unknown parameters, and the simulation times.
At the time the model for endocytic actin dynamics was developed, the protein organization and movements within the endocytic structure were poorly understood, and not critical to the question the model aimed to address. Building a spatial model would have led us to many speculations and unknown parameters, which would have greatly reduced the model's predictive power. Therefore, we developed a model only taking into account time, implicitly assuming the proteins in the endocytic structure were homogenously distributed (or Bwell mixed^).
Should the model be continuous or discrete? A discrete approach takes into account individual entities. A continuous approach considers that the system has enough entities and is homogenous enough that the behavior of individual entities is not critical, and monitoring densities or concentrations is sufficient to capture the overall behavior of the system. For example, in the cytokinetic ring model, individual nodes were considered discretely because experimental data showed clearly separated entities that seemed to behave independently from each other. In the endocytic actin model, the number of molecules was high enough; therefore, the model ignored spatial organization and assumed proteins were Bwell mixed,ŵ hich allowed us to monitor overall concentrations as continuous variables rather than monitoring individual molecules.
Should the model be deterministic or stochastic? In a deterministic model, entities evolve according to determined rules, and for a given state of the system at an instant t there is a unique possible outcome at time t + dt. For example, at each time step dt, the amount of polymerized actin increases by
where k + is the polymerization rate constant, [BE] and [G − actin] the concentrations of barbed ends and monomers respectively. In a stochastic model, the fate of the model entities at each time step depends on probability distributions, and several iterations of the same model in the same state produce different outcomes. For example, in the cytokinetic ring model, the direction of elongation of a new filament nucleated from a node was random, each direction having the same probability. In general, continuous models follow deterministic rules, and discrete models follow stochastic rules or a mix of deterministic and stochastic rules.
Should one use computational simulations or theory?
Theories are usually more difficult to develop than simulations. Very good mathematical and physical skills and intuition are often needed to develop valid theories and to identify regimes or conditions where the number of parameters and variables can be reduced. However, when a theory can be developed, it usually yields deep results, such as explicit relationships that link the macroscopic measurable properties of the system with the microscopic variables and parameters. For example, theory allowed Leonor Michaelis and Maud Menten to derived the famous Michaelis-Menten formula that links the rate of product formation during an enzymatic process to the different rate constants of the intermediate binding and catalytic reactions (Michaelis and Menten 1913) .
Simulations are in general easier to implement by non-specialists, and broadly applicable user-friendly tools have been developed (see below). Simulations can reveal valuable insights on their own, such as constraints on parameter values and empirical relationships between parameters and variables. Note that non-standard problems can be complicated to implement and require good coding skills.
For systems that seem too complex to be easily tractable with theory at first sight, a successful strategy is to start with simulations to gain a better sense of the system's behavior and to identify conditions where simplifications can be made, making the systems more easily tractable with theory (Roland et al. 2008) .
Implement the model
Simple theories can often be worked out with just a pen and paper, and one can use symbolic mathematics software such as Wolfram Mathematica or Maple to derive the equations. Specific numerical solutions can also be calculated and plotted with these tools or with other scientific numerical software such as MATLAB, Python, or R to name a few popular ones.
Simulations of systems of biomolecular interactions can often be performed with one of the many software packages that have been developed for a general use, and generally include an easy-to-use graphical user interfaces (reviewed in (Gostner et al. 2014; Thomas and Schwartz 2017) ). Some software are specialized to specific applications or modeling approaches, such as MATLAB's Simbiology plugin, COPASI (Hoops et al. 2006) and PySB (Lopez et al. 2013) for non-spatial biochemical kinetics, or Smoldyn (Andrews and Wren 2017) for Brownian dynamics of molecule interactions to name a few. Other software packages, such as Virtual Cell (Slepchenko et al. 2002; Blinov et al. 2017) , provide a broad range of approaches and applications. Interoperability between different modeling simulation tools has been made easier thanks to the development of standards for model descriptions such as SBML (Hucka et al. 2003) and rule-based modeling languages such as BioNetGen (Harris et al. 2016) and Kappa (Boutillier et al. 2018) .
For more complex models, one generally has to develop their own tools from scratch. This requires excellent math and coding skills, is usually quite time-consuming, and does not guarantee the implementation is accurate.
Whether one uses theory or simulations, best practice is to identify good Bcontrols^to ensure that the model is implemented properly. For example, one can simulate a subset of the reactions where the outcome is known or easier to predict, or simplify theories in limit cases where one or several model variables vanish or become very large relatively to others. The endocytic actin model, which implemented non-spatial kinetics, was implemented with MATLAB's Simbiology plugin, which allowed for easy scripting of optimization tasks, sensitivity analysis, and plotting. The cytokinetic ring model required custom code development in Java.
Identify model parameters that fit the data
Once the model is implemented, the next step is to make the model output fit the experimental data. In general, several parameters of the model are unknown and need to be determined. One can screen parameters until the model fits the data well enough, or one can perform an automatic fit of the parameters to the data (also called optimization), if the software used to implement the model has this functionality. Note that screening for parameters that fit the data should be done with caution because it does not guarantee that the parameter set that seems to best fit the data is actually the best fit, or the only set that does-other parameter sets might lead to equally good if not better fits. In addition, one should keep in mind that experimental data have limited precision and accuracy and one should avoid overfitting the model parameters with a precision better than the precision of the experimental measurements.
One may be disappointed if the first draft of the model cannot fit the data. However, this is a blessing in disguise since it demonstrates that the proposed mechanisms can be rejected (Popper 1959) , or require refinement.
The Bsearch-capture-pull^mechanism initially proposed for the cytokinetic ring assembly was able to align the nodes, but produced clumps instead of evenly spaced nodes, for all parameter sets tested. This discrepancy led the authors to revisit their model and realize that the regular breakage of links between nodes was required to obtain an even node distribution. This prediction led the authors to have a closer look at their experimental data and notice that this release was indeed happening.
The initial endocytic actin model was constrained with parameters that had been previously measured in vitro (Blanchoin and Pollard 1999; Fujiwara et al. 2007; Kuhn and Pollard 2007; Beltzner and Pollard 2008) . However, this initial model was unable to reproduce the fast actin assembly and disassembly observed experimentally. In particular, we realized that fast disassembly could not be produced by pointed end depolymerization alone, except if unrealistic depolymerization rate constants were used. This led us to refine the model and predict a mechanism for release of chunks of the actin meshwork via severing by ADF/cofilin.
5.
Explore the space of free parameters and perform a sensitivity analysis
The more parameters the model contains, the more likely several combinations of parameter values will fit the data. Best practice is to explore a range of reasonable parameter values to ensure the parameter set that best fits the data is indeed the best. In addition, exploring the parameter values around the values that best fit the data, also called sensitivity analysis, allows one to determine how robust the model is. If the model output changes dramatically with small changes in most of the parameters, it is likely that the parameter set is not biologically relevant. Indeed, one should expect that most biological systems are not too sensitive to small changes in most of their parameters, because evolution favors systems that are robust to small biological variabilities and environmental noise (Kitano 2007; Félix and Barkoulas 2015) .
Validate the model
Once the model fits the data, it is important to verify that the assumptions of the model are still valid. For example, the continuum assumption that allows one to monitor concentrations instead of number of molecules might not be valid anymore if the number of molecules becomes too small during the simulations. Another example is that the simplifications made when developing theory (e.g., assuming one variable is much smaller than the others) should be checked in the final model. In the endocytic actin model, we assumed that the system was well mixed and the diffusion of unbound proteins was not reduced by the assembled actin meshwork. We verified a posteriori that the density of proteins at the endocytic site was still low enough not to reduce diffusion.
Another way to validate the model is to fit the model with only a subset of the information contained in the experimental data, then verify that the model also reproduces the unused data. For example, the cytokinetic ring model did not explicitly aim to reproduce the timing of ring formation, but simulations of the model that led to homogenous rings also assembled within the same timing as measured experimentally.
Test alternative hypotheses
A model is most powerful when it demonstrates not only that the modeled mechanisms can explain the observed experimental data, but also that competing alternative mechanisms cannot (Popper 1959; Howard 2014) . If alternative mechanisms can also reproduce the data, one should explore both models and identify conditions where the output is different, and design experiments to test them (see below).
In the endocytic actin model, two alternative mechanisms for actin disassembly were possible: very fast depolymerization from the pointed ends (faster than rates measured in vitro), or standard depolymerization rates along with release of chunks of the meshwork after severing events. We identified that under the former hypothesis, a slight change in the assembly rate had dramatic effects, whereas the system was much more robust with the latter hypothesis.
Make testable predictions and test them experimentally
One of the most powerful features of mathematical models is their ability to make predictions, i.e., to identify conditions where the model outputs are unexpected or have never been explored experimentally before (Doudna et al. 2017) . The most useful predictions are predictions that (a) can be easily tested experimentally and (b) have clearly distinguishable outcomes for the different competing hypotheses. Very good understanding of the experimental techniques used in one's field is required to evaluate whether the model's predictions can be experimentally tested and how easy the experiments are to perform. If one is not familiar with the experimental techniques in their field, one should not hesitate to consult with experimentalists. Ideally, once appropriate testable hypotheses have been found, one should aim to perform the experiments, potentially in a collaboration. Even if the experiments are not performed immediately, describing testable predictions along with the model makes the publication more impactful, and experimentalists will likely be inspired to perform them eventually.
The endocytic actin model made several predictions regarding the rate constants for actin dynamics and Arp2/3 complex branch formation in Schizosaccharomyces pombe, which were validated in several follow-up experiments (Ti and Pollard 2011; Arasada and Pollard 2011; Chen and Pollard 2013) . The cytokinetic ring model predicted that reducing the severing rate of links between nodes has a dramatic effect on the homogeneity of the final ring, which was later confirmed using ADF/cofilin mutant with weak severing activity (Chen and Pollard 2011) .
Even when experimental validation is not directly possible, the predictions might still be invaluable to discriminate between molecular mechanisms. For example, the endocytic actin model predicted that at most 8 barbed ends grow at a given time during endocytosis. This number is not directly measurable with methods currently available but it suggested that the force generated by actin polymerization alone (at most1 00 pN) is not sufficient to achieve membrane invagination (which requires more than 1000 pN) , and inspired a search for new force production mechanisms that have been overlooked .
Repeat
New experiments contradicting the model predictions, or new published data, are great opportunities to revisit the model's assumptions and restart the modeling process to challenge or refine our understanding of the underlying mechanisms.
Discussion
We presented our guidelines in a sequential order but regular interchanges and cycling between the different steps are likely during the model development. Developing a mathematical model forces one to dig more deeply in the literature of the field and learn more about what is known and what is unknown about the details of the system. These new collected pieces of information often lead one to revise some aspects of the approach, the hypotheses, or even the overarching question asked by the model. One may be tempted to increase the return on the time and resources invested in the model development and try to apply a variant of the model (or the modeling tools) to other biological questions. However, one should keep in mind that, like any other methodology in biology, the new model will be at best only as good (and useful) as the question asked.
Our guidelines highlight that developing useful models requires cross-disciplinary skills in order to be comfortable with the modeling tools and the biological system. Most importantly, cross-disciplinary skills allow one to translate the biological information into the mathematical formalism of a model, and conversely, to translate the outputs of the model into information that experimentalists can grasp and predictions that can be experimentally tested.
Mathematicians or physicists aiming to develop models in biology on their own or in collaboration with experimentalists should spend the time learning not only the biology of the system they aim to model, but also the experimental methods classically used in that field. This will greatly help them determine what are good questions in the field, evaluate the accuracy of the published data, and get a sense of which experiments are realistically feasible to propose. Experimentalists who want to develop models or collaborate with theoreticians should learn the basics of mathematical modeling to get a better sense of what they should expect from the model. In both cases, learning the basics and knowing the mindset of each other's fields greatly eases communication and ensures a larger impact of the models and their predictions in the field (Drubin and Oster 2010) .
Cross-disciplinary training should be encouraged at the undergraduate and graduate level (Bialek and Botstein 2004; Noble et al. 2016; Riveline and Kruse 2017) , and scientists at any career stage who want to develop models should participate in cross-disciplinary workshops, networks and conferences, or teach their discipline to non-specialists. One should also take all opportunities to spend time in a lab from the other discipline, for example during a student exchange program, a postdoc or a faculty sabbatical, or by inviting people from other disciplines to spend some time in their lab. Being embedded in a different lab is an invaluable way to absorb their techniques, culture, language and standards, to identify the blind spots of each other's fields, and to learn how to communicate efficiently across disciplines.
Few researchers are equally comfortable with both experimental and modeling approaches and, for those who are, there are many low hanging fruits that can be picked and new research directions that they are uniquely positioned to explore. Attaining this fluency in both approaches requires time and practice. The path is not always easy because researchers in traditional disciplines too often consider cross-disciplinary projects as not Bpure^enough for their discipline (Parsegian 1997) , are uncomfortable with the intrinsically Bdirty^nature of experimental data, or under-appreciate that fluency in multiple fields is more than the sum of its parts, and can lead to the creation of new branches of physics, mathematics, and biology (Phillips 2017) . From experience, we think this effort is worth the trouble.
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